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bstract
The measurement of power factor (PF) in electrical utility grids is a mainstay of load balancing and is also a critical element of
ransmission and distribution efficiency. The measurement of PF dates back to the earliest periods of electrical power distribution to
ublic grids. In the wide-area distribution grid, measurement of current waveforms is trivial and may be accomplished at any point in
he grid using a current tap transformer. However, voltage measurement requires reference to ground and so is more problematic and
easurements are normally constrained to points that have ready and easy access to a ground source. We present two mathematical
nalysis methods based on kriging and linear least square estimation (LLSE) (regression) to derive PF at nodes with unknown
oltages that are within a perimeter of sample nodes with ground reference across a selected power grid. Our results indicate an
rror average of 1.884% that is within acceptable tolerances for PF measurements that are used in load balancing tasks.
 2014 Electronics Research Institute (ERI). Production and hosting by Elsevier B.V. All rights reserved.
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.  Introduction
Power factor is a measure of power utilization by a load and is a well-known and often used parameter in power
istribution. The smaller the power factor, the higher the current utilized by the load and this is not efficient for the
ower supplier. The power supplier always tries to establish a reasonable PF (above 0.8 or 0.9) (Krein, 2004) in an
lectric grid to meet power certification requirements such as the IEC 61000-3-2 and 80 PLUS in the United States.
imilar constraints are used worldwide. These requirements vary according to end users; e.g., industrial, commercial
nd residential customers. When we look to a standard housing complex in terms of power distribution, various kinds
f loads are on and off for indefinite periods of time, so PF at residential sub-grids is always varied. Some form of
onitoring is required to overcome the undesired losses.
Effective usage of electrical power, particularly that in the utility grid, is under constant surveillance and study. The
fficiency of power in the grid is calculated in terms of PF, which is a phase relationship between the components of
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power, voltage and current. Measurement of PF allows the supplier to determine at which points in the grid remediation
should be concentrated to improve low power efficiency.
The ENERGY STAR program for external power supplies requires manufacturers to mark their devices using the
international efficiency marking protocol. Any external power supply meeting the performance requirements for level
V and above would qualify as an ENERGY STAR (Version 2.0) (International, 2008) appliance. Power supplies with
performance levels of I–IV would not qualify under the Version 2.0 ENERGY STAR specification, which has been
in effect since November 1, 2008. With respect to these specifications, a power distributor cannot be 100% sure that
consumer is using only level V qualified loads. Autonomous monitoring of the PF variation as we discuss here gives
suppliers and distributors an estimate of accumulated losses that would help them to analyze and take corrective actions
to improve efficiency. PF correction techniques will vary according to the polarity of the PF. These corrections can be
costly and improper usage of corrective techniques will incur a greater magnitude of loss than if none were applied.
For measuring the PF, both current and voltage waveforms are required. Current can be measured easily at any desired
point in the grid using current tap transformers; however, measuring voltage requires access to a ground connection,
so the measurement of voltage at any desired point in a grid is more difficult to do than that of current. Monitoring
PF across all the desired points in the grid with measuring devices is not efficient. One solution to this situation is
to approximate the voltages using only their current measurements along with current and voltages known at select
locations in the grid using constrained approximation regression analyses. This is the basis of the work presented here.
In these approximation methods we have used PFs as the training values rather than voltages. This has revealed the
PF estimation directly at the unknown points, which is our final desired approximation across the grid under evaluation.
Doing this makes the work simpler than estimating the voltages and then deriving PFs from them. In an automated,
distributed system it would also make the implementation simpler and more robust.
2.  Related  work  and  analysis  methods
2.1.  Kriging  analysis
Kriging is defined as a random value interpolation based on nearby observations that are weighted according to
spatial covariance values (Kriging-GSM Implementation; Bohling, 2005). Interpolation of parameters is treated as a
regionalized variable and is intermediate between a truly random variable and a completely deterministic value. Kriging
estimation weights are derived from a covariance matrix and the method employs the concept of the semi-variogram, a
function that characterizes the residual components on which the residual estimation of a desired location is dependent.
From a covariance model, the estimated variance is minimized. Kriging methods generally are of three kinds: simple,
universal and ordinary.
In simple kriging, a particular region is considered from all the available points and is analyzed. In universal kriging,
it is applied region-wise and thus the entire available set of points is analyzed. Universal kriging is performed when
very large amounts of data or points of measurement are available. Ordinary kriging follows the original development
of the method as described in a thesis by Krige (1951). Kriging semi-variograms are of different types depending on
the application and these types include spherical, exponential, and Gaussian amongst others.
2.1.1. Characteristics  of  the  semi-variogram
The sill  is the semi-variance value at which the variogram levels off, as shown in Fig. 1. The sill is generally 1.0,
but may have lesser values. Range  is the lag distance at which the variogram reaches the sill. If the variogram does
not start from zero, the difference is termed the nugget. Overall sill is the difference between fundamental sill and the
nugget.
Fig. 2 illustrates the morphology of spherical, exponential, and Gaussian variograms. From this it should be clear
that the spherical variogram reaches the sill earlier than the exponential and Gaussian. So, the spherical variogram is
what was considered to employ with the kriging method used here since the equation that reaches the sill earlier yields
a better approximation, which our results confirmed.The variogram equations are:
Exponential C(h) =  c
(
1 −  exp
(−3h
a
))
(1)
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Fig. 1. Semivariance vs lag distance plot (semi-variogram) of spatially distributed data illustrating sill, nugget and range parameters used in the
selection of variogram equations for Kridging analysis.
k
p
dFig. 2. Spherical, exponential and Gaussian variogram graphs.
Gaussian C(h) =  c
(
exp
(−3h2
a2
))
(2)
Spherical C(h) =  0.78
(
1 −  1.5
(
h
m
)
+  0.5
(
h
m
))3
(3)
where h  is the distance of separation and m  is the maximum distance of separation in the semi-variance C. Simple
riging as discussed in Godoy et al. (2007) reveals the following series of equations that may be solved for unknown
oints in the geographical distribution of sensor points in the grid. The following equations are used for PF interpolation.
 is the distance between houses.
W1C(d11) +  W2C(d12) +  W3C(d13) +  λ1 =  C(d1P ) (4)
W1C(d21) +  W2C(d22) +  W3C(d23) +  λ2 =  C(d2P ) (5)
W1C(d31) +  W2C(d32) +  W3C(d33) +  λ3 =  C(d3P ) (6)
W1 +  W2 +  W3 +  0 =  1 (7)
FP =  W1F1 +  W2F2 +  W3F3 (8)
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Thus the weights W1, W2, W3 and λ  can be evaluated, where λ is useful in calculating the variance. The interpolation
of the unknown PF at a point (Fp) is then calculated from the equation:
where the Fp are the PF’s at known locations.
2.2.  Regression  analysis
Locally weighted regression analysis works on a stored memory concept (weights are obtained while training the
data and are saved). Those stored memory values are used in relation to the query inputs in approximating the unknown
values. The linear model is described as (Godoy et al., 2007):
Y  =  Xβ  +  e (9)
where Y  is the output vector, X  is the input vector, β  is the weighted vector (regression coefficient) obtained from
training, and e is the mean square error.
β  =  (XTX)−1XTY  (10)
When β is multiplied with X, it will yield output ´Y  and it will not be the same as Y. The difference in Y and ´Y is the
mean square error e. Now we have β  and e values and these values are then used in Eq. (9) with a new set of inputs X
to obtain the interpolation values Y. This is simple regression analysis.
In the estimation of PF across a power grid, distance between measurement and estimation data sites plays a major
role and from Eq. (9) we can only use either PF or distance in the training process, but not both. To consider both
of these parameters in the approximation, the following equations are used where the training matrix X  has one more
column appended to it and the query input matrix XQ for the approximation is augmented with two more columns:
X  =  [x,  x2] (11)
XQ =  [x,  x2,  1] (12)
Now Euclidean distance d is calculated between XQ (i) and X (distance between PF desired location and PF known
locations) using (13).
d  =  dist(XQ(i,  :),  XT )T (13)
The bandwidth of the system, σ, is used to calculate the limit distance to be weighted from the equation:
Wx =  X.  ∗  (K(d) ∗  ones  ∗  1,  3)); (14)
Where
k(d) =  e(d2/σ2) (15)
The approximation is then calculated from the equation:
Yq(i) =  XQ(i) ∗  pinv(WTX ∗  X) ∗  (WTX ∗  P2)
0.5 (16)
This is a pseudo-inverse equation where P  is a vector of training PFs for the corresponding input vector X and Yq
is the vector of approximated PFs of the corresponding currents x.
3.  System  model  and  simulation
While developing a grid simulation, some form of reference is required for real time power values and the distri-
bution phenomenon to be evaluated. The model described here was developed in accordance with the Toledo Bend
Hydroelectric Power Plant located on the border between Texas and Louisiana. It has two hydroelectric power gen-
erators with a capacity of 92,000 kW each and an annual energy output of 205 million kilowatts. The turbines have a
power rating of 83 M VA and 25 kV.
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Table 1
House load ratings.
No. Load type Watts No. Load type Watts
1 1.5 Ton AC 1.76K 13 Water heater 4.4K
2 3.5 Ton AC 6.5K 14 Kiln 5.7K
3 5 Ton AC 9.2K 15 Coffee maker 1.2K
4 Refrigerator 800 16 Blender 1.2K
5 Electric bulb 100 17 Well pump 2.2K
6 Range burner 800 18 Portable heater 2K
7 Motor 2K 19 Dryer 1.2K
8 Gaming console 185 20 Washer 512
9 Plasma TV 300 21 Vacuum cleaner 1.4K
10 Heater 2K 22 Broiler 1K
11 Dishwasher 1.2K 23 Hair dryer 1K
12 Oven 1.4K 24 Waffle iron 1.2K
Table 2
Transformer specifications.
Nominal power and frequency 83 M VA, 60 Hz
Winding 1 parameters [V1 R1 L1] [25 K Vrms 0.0451811  0.0047938 H]
Winding 2 parameters [V2 R2 L2] [735 K Vrms 13.017  1.3812 H]
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Lagnetization resistance Rm () 11,295
agnetization inductance Lm (H) 29.961
.1.  Simulated  grid  structure
For this study, Matlab Simulink was used to simulate the power grid. A residential housing scenario was chosen
or the simulation where homes were modeled with various electrical loads that one would expect in a residence. The
oads used in the simulated houses were as shown in Table 1, house load ratings (Typical Power Consumption). Each
evice has an associated load in watts and the simulation automatically accounted for phase variations in the loads.
The energy source used in the simulation generates 83 M VA power with 25 kV. A three phase voltage and current
easurement block are connected in between the power source and step-up transformer, which converts 25–735 kV.
The power lines with this voltage are supplied to transmission lines (Table 3) though grounding transformers and
ircuit breakers (Table 2). Transmission lines of 300 km in length were used between power source and the residential
ousing complex to give the model realistic fidelity (Fig. 3).
The housing complex was simulated as a forty house linear structure with a rural separation distance of 1 km between
omes. Due to space constraints and clear visibility, in Fig. 4 only over view of forty house linear model is displayed.
t each house, distribution voltage is stepped down to 120 V, two-phase power and then connected to loads.
A detail of House #1 from the set of houses shown in Fig. 4 is depicted in Fig. 5. It shows three incoming ports and
hree outgoing ports from which two lines are fed to House #1 and then to the loads. A three-phase voltage and current
easurement device is connected between the incoming and outgoing ports as shown in this figure.
A three-phase current and voltage measurement device has the option of measuring line-to-line or line-to-ground
easurements. Since we are interested in measuring the PF of each line with load variations, line-to-ground measure-
ent was selected. Recall that the load specifications were listed in Table 1. Some loads are connected to two-phase
able 3
pecification of transmission lines used in the project.
requency 60 Hz
ositive zero sequence resistance [R1 R0] [0.1273 0.3864] /km
ositive zero sequence inductance [L1 L0] [0.9337e−3 4.1264e−3] Hkm
ositive zero sequence capacitance [C1 C0] [12.74e−9 7.751e−9] F/km
ength 300 km
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Fig. 3. Simulink® model for power generation and submission simulation for regression and Kridging grid analysis.
Fig. 4. Simulink® housing load models (see text and Table 1) showing the parallel grid connection of forty houses as four groups of ten.
Fig. 5. Measurement details of House #1 from Fig. 4.
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Fig. 6. Load connections at houses; two phase and single phase detail of House #1 from Fig. 4.
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tFig. 7. Three phase current measurement display output from simulator using Houses 1, 2 and 3.
nd some to single phase, such as AC, lamp, washers, and dryer, respectively. Some of these are shown in Fig. 6 as
sed at House#1.
When the voltage and current obtained are multiplied, the mean value of the resultant is the real power (P).
eanwhile, the product of the RMS of the signals gives out the apparent power (S). PF is then calculated as the ratio of
 to S. The green blocks [HP1, HS1, V1 and I1] in Fig. 6 are the display and storage devices. They were set to record
nd display the values in automatic time and store 50,000 data points.
Through simulation it was known that this range of data points is acceptable for the collection of the zero crossing
ime of current at House #1 after the settling of PF to a constant value. PF settling is the time required by the loads to
onsume a specific amount of power due to the inductive and capacitive loads. Figs. 7–9 display the simulator graphs
btained for current, S  and P  at house 1 2 and 3..  Analysis  and  discussion
The two algorithms discussed here, kriging and regression, were modified to fit the required parameter estimation
ask of PF distribution in a sparse measurement grid. It is of interest that kriging is used for ground water level
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Fig. 8. Three phase apparent power display output from simulator using Houses 1, 2 and 3.Fig. 9. Three phase real power display output from simulator using Houses 1, 2 and 3.
estimation. Ground water level estimation posits similar structure to PF variations in the electric grid given that water
level measurements are predicated on a volumetric fluid structure not unlike the volume of charge distribution in the
grid.
Regression was employed by Godoy et al. (2007), to estimate voltage using distance as references in a Global
System for Mobile communications (GSM) task. The regression analysis used by Godoy was modified to take in both
current and distances along with the PF at a few locations in the grid.
4.1.  ResultsThe simulation of the power grid was performed as explained in Section 3. Since we are interested in zero crossing
values, which synchronize the PF measurements, all the current value and powers were collected with time in respect
to house #1. PF at the other houses were calculated from real power, P  and apparent power, S. The current values I and
the PFs were then stored in a file for analysis in Simulink.
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Table 4
Kriging and regression estimation of PF.
House no. Measured Kriging estimation Regression estimation
2 0.902093 0.839092 0.84653899
3 0.837986 0.840621 0.8477997
4 0.851605 0.843004 0.84645825
6 0.833119 0.849991 0.84699547
7 0.925924 0.855136 0.84775601
8 0.86922 0.860194 0.84729567
9 0.840055 0.8626 0.84833574
11 0.894071 0.844398 0.84643691
12 0.857493 0.861955 0.84597522
13 0.882353 0.852003 0.84821081
14 0.857493 0.858501 0.84030958
16 0.857493 0.842979 0.8500577
17 0.83205 0.8433 0.85083803
18 0.819232 0.846465 0.85957383
19 0.847998 0.847285 0.86196481
21 0.848911 0.856636 0.86196481
22 0.907959 0.862044 0.88820676
23 0.837611 0.859376 0.91208019
24 0.882353 0.849004 0.83419059
26 0.858139 0.8651 0.85604695
27 0.905459 0.865418 0.86425584
28 0.882353 0.86603 0.86130895
29 0.894427 0.8642 0.84925854
31 0.899235 0.864402 0.84737392
32 0.923077 0.842842 0.8422521
33 0.894427 0.84127 0.84523171
34 0.865426 0.836136 0.82793736
36 0.83205 0.837209 0.84235853
37 0.928477 0.829563 0.84332306
38 0.805123 0.849547 0.85414705
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C9 0.828756 0.85252 0.85541008
The interpolation techniques, kriging and regression analysis, as discussed in Section 2, were implemented on the
ata obtained from simulations of the grid as designed in Section 3. The results of interpolation techniques performed
n simulation data are shown in Table 4.
A graphical representation of Table 4 is shown in Fig. 10 and it reveals that the variation of PF from the measured
nd algorithm estimations is high when the measured PF is higher than the mean PF, which is obvious. In spite of
hese variations, the average error of interpolation is only 1.884% and the standard deviation error is 4.14%. These
esults are within the acceptable ranges for PF correction and load balancing schemes (Zobba, 2005). The errors of
easurements are listed in Table 5.
By analyzing Tables 4 and 5 along with Fig. 10, the conclusion may be reached that the proposed kriging andegression analysis methods can be used for extensive PF estimation across a power grid with sparse voltage-referenced
easuring points. As such, these methods are appropriate for dynamic analysis of PF in the grid. These methods are
lso useful in industrial power analysis where an estimation of PF is determined at each subunit. Elucidating accurate
able 5
nterpolation errors.
ethods Average error (%) Error standard deviation (%)
riging 1.944 4.045
egression analysis 1.824 4.439
ombined analysis 1.884 4.247
232 R. Guntaka, H.R. Myler / Journal of Electrical Systems and Information Technology 1 (2014) 223–233Fig. 10. Simulation results comparing measured PFs from simulation against the estimated values from regression and Kridging analysis.
data in real-time using a sparse set of ground-referenced sensors along with a larger set of voltage-measuring distributed
sensors could provide valuable input to dynamic load-balancing schemes to improve efficiency across the grid.
5.  Conclusion  and  future  work
The methods presented have proven to give acceptable results; however, there is room for further work. The resultant
estimation error is high when the actual measurement is significantly deviated from the mean PF. Future work could
produce methods for minimizing this error. Likewise the method proposed by Godoy in the GSM interpolation task was
modified and so varying the proposed statistical methods may yield better results. More analysis and tests are needed
using various sets of data with real-time calibrated values. It is important to monitor to determine if these interpolations
behave the same or better or worse over various ranges of data in a real-time environment.
An application where these proposed methods could be tested is within a Smart  Grid  implementation such as
illustrated in “Adaptive Stochastic Control for the Smart Grid” (Anderson et al., 2011). Synchronous motors and
induction motors operate at a leading PF. If the excitation is unchanged, the motor will operate to give high reactive
power with less leading PF. This is an important and valuable characteristic and is often used for cyclic loads. In some
cases, it may be desirable to calculate the reactive KVA  at some known load and PF. Sometimes it is desirable to
estimate PF when these motors operate at part load for a considerable period of time (Peerless Pump Company).
It may also be useful to merge different interpolation techniques to determine if they produce better results. Instal-
lation of current and PF measuring devices at locations in the grid and the use of wireless network devices (Zigbee,
XBee, etc.) to transmit these measurements to a central location would prove invaluable in validating the simulation.
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